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Abstract

Small, body-mounted video cameras enable a di�er-
ent style of computing interface. As processing power
increases, a computer can spend more time observing
its user and modeling his or her context to provide
serendipitous information, manage interruptions and
tasks, and predict future needs without being directly
commanded by the user. This paper introduces a wear-
able assistant, driven by computer vision, for the real-
space game Patrol. The goal of the system is to be
aware of the user context by tracking the wearer's lo-
cation and current task through computer vision tech-
niques.

1. Introduction

For most computer systems, even virtual reality sys-
tems, sensing techniques are a means of getting input
directly from the user. However, wearable sensors and
computers o�er a unique opportunity to re-direct sens-
ing technology towards recovering more general user
context. Wearable computers have the potential to
\see" as the user sees, \hear" as the user hears, and
experience the life of the user in a \�rst-person" sense.
This increase in contextual and user information may
lead to more intelligent and 
uid interfaces that use
the physical world as part of the interface.

The importance of context in communication and
interface can not be overstated. Physical environment,
time of day, mental state, and the model each con-
versant has of the other participants can be critical in
conveying necessary information and mood. Imagine
an interface which is aware of where you are: While
being in the subway, the system might alert the user
with a spoken summary of an e-mail. However, during
a conversation, the wearable computer may present the
name of a potential caller unobtrusively in the user's
head-up display. The more understanding the com-
puter has about the context of the user the better the
computer may interact with the human.

In this paper we propose to use wearable cameras
to sense and model user context. The on-body cam-
eras not only have a \�rst person"-view but also enable
observation of the user's actions and tasks. In this
sense the paper shows how computer interfaces may
become more contextually aware through machine vi-
sion techniques. Section 2 describes the importance of
object identi�cation in combining the virtual environ-

ment of the computer with the physical environment
of the user. Section 3.1 details how the location of the
user may provide salient cues to his current context for
the real-space game Patrol, Finally, a means of deter-
mining the user's current task in Patrol is discussed in
Section 3.2. See [12] for a more thorough treatment of
this topic.

2. Identi�cation of Relevant Objects

One of the most distinctive advantages of wearable
computing is the coupling of the virtual environment
with the physical world. Thus, determining the pres-
ence and location of physical objects relative to the
user is an important task. Once an object is uniquely
labeled, the user's wearable computer can assign vir-
tual properties to the object, such as annotations or
hypertext links [11].

One method for object identi�cation is Radio Fre-
quency Identi�cation (RFID transmitter tag with a
unique ID attached to each object to be tracked). Un-
fortunately, this method requires a signi�cant amount
of physical infrastructure and maintenance for placing
and reading the tags.

Computer vision not only obviates the need for ex-
pensive tags but also adapts to di�erent scales and
ranges. For example, the same hardware and software
may recognize a thimble or a building depending on the
distance of the camera to the object. in addition, com-
puter vision is directed. By aligning the �eld of view of
the camera with the �eld of view of the eye, the com-
puter may observe the objects that are the focus of the
user's attention.

In the past, the MIT Wearable Computing Project
has used computer vision identi�cation to create
a physically-based hypertext demonstration platform
[11] based on colored tags. [4] describes a similar iden-
ti�cation system for a tethered, hand-held system. The
DyPERS system [8] demonstrates how visual tags be-
come unnecessary when a more sophisticated object
recognition system is employed.

Such physically-based annotation systems are ap-
propriate for tours of a city or a museum. As relia-
bility and accessibility to wireless networks improves,
such systems might be used for repair, inspection, and
maintenance of hidden physical infrastructure, such as
electrical wiring or plumbing [1, 11]. Similarly, AR
systems might be used as navigation guides or task
reminders for the mentally handicapped. As recog-
nition performance increases and the hardware costs



decline, many new applications will be found for such
contextually-aware computing.

3. The Patrol Task

The \Patrol task" is an attempt to test techniques
from the laboratory in less constrained environments.
Patrol is a game played by MIT students every week-
end in a campus building. The participants are divided
into teams denoted by colored head bands. Each par-
ticipant starts with a rubber suction dart gun and a
small number of darts. The goal is to hunt the other
teams. If shot with a dart, the participant removes his
head band, waits for �ghting to �nish, and proceeds
to the second 
oor before replacing his head band and
returning.

Originally, Patrol provided an entertaining way to
test the robustness of wearable computing techniques
and apparatus for other projects, such as hand track-
ing for the sign language recognizer [13]. However, it
quickly became apparent that the gestures and actions
in Patrol provided a relatively well de�ned language
and goal structure in a very harsh \real-life" sensing en-
vironment. As such, Patrol became a context-sensing
project within itself. The next sections discuss current
work on determining player location and task using
only on-body sensing apparatus.

Sensing for the Patrol task is performed by two hat-
mounted wide-angle cameras (Figure 1). The larger of
the two cameras points downwards to watch the hands
and body. The smaller points forward to observe what
the user sees. Figure 1 shows sample images from the
hat. While it is possible to provide enough on-body
computation to run feature detection in real-time, we
currently record to video tape during the game for ex-
perimental purposes.

3.1. Location

As mentioned earlier, user location often provides
valuable clues to the user's context. By gathering data
over many days, the user's motions throughout the day
might be modeled. This model may then be used to
predict when the user will be in a certain location and
for how long [5].

Today, most outdoor positioning is performed in re-
lation to the Global Positioning System (GPS). Dif-
ferential systems can obtain accuracies on the order
of centimeters. Current indoor systems such as active
badges [14, 2] and beacon architectures [3, 9, 10] re-
quire increased infrastructure for higher accuracy, im-
plying increased installation and maintenance. Here,
we attempt to determine location based solely on the
images provided by the Patrol hat cameras, which are
�xed-cost on-body equipment.

The Patrol environment consists of 14 rooms that
are de�ned by their strategic importance to the players.
The rooms' boundaries were not chosen to simplify the
vision task but are based on the long standing conven-
tions of game play. The playing areas include hallways,
stairwells, classrooms, and mirror image copies of these

classrooms whose similarities and \institutional" decor
make the recognition task di�cult.

Figure 1. Above: The two camera Patrol hat.
Below: the downward- and forward-looking Pa-
trol views.

Hidden Markov models (HMM's) were chosen to
represent the environment due to their potential lan-
guage structure and excellent discrimination ability for
varying time domain processes. For example, rooms
may have distinct regions or lighting that can be mod-
eled by the states in an HMM. In addition, the previous
known location of the user helps to limit his current
possible location. By observing the video stream over
several minutes and knowing the physical layout of the
building and the mean time spent in each area, many
possible paths may be hypothesized and the most prob-
able chosen based on the observed data. HMM's fully
exploit these attributes. For a review of HMM's see
[6].

As a �rst attempt, the means of the red, green, blue,
and luminance pixel values of three image patches are
used to construct a feature vector in real-time. One
patch is taken from the image of the forward looking
camera. This patch varies signi�cantly due to the head
motion of the player. The next patch represents the
coloration of the 
oors and is derived from the down-
ward looking camera in the area just to the front of
the player and out of range of average hand and foot
motion. Finally, since the nose is always in the same
place relative to the downward looking camera, a patch
is sampled from the nose, providing information about
the lighting variations as the player moves through a
room.

Approximately 45 minutes of annotated Patrol video
were analyzed for this experiment (six frames per sec-
ond). 24.5 minutes of video, comprising 87 area tran-
sitions, are used for training the HMMs. As part of
the training, a statistical (bigram) grammar is gen-
erated. This \grammar" is used in testing to weight
those rooms which are considered next based on the
current hypothesized room. An independent 19.3 min-
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utes of video, comprising 55 area transitions, are used
for testing. Note that the computer must segment the
video at the area transitions as well as label the areas
properly.

Table 1 demonstrates the accuracies of the di�erent
methods tested. For informative purposes, accuracy
rates are reported both for testing on the training data
and the independent test set. Accuracy is calculated
by Acc = N�D�S�I

N
, where N is the total number

of areas in the test set, D (deletions) is the number
of area changes not detected, S (substitutions) is the
number of areas falsely labeled, and I (insertions) is
the number of area transitions falsely detected. Note
that, since all errors are counted against the accuracy
rate, it is possible to get large negative accuracies by
having many insertions.

Table 1. Patrol area recognition accuracy

method training set test set
2-state HMM 51.72% 21.82%
3-state HMM 68.97% 81.82%
4-state HMM 65.52% 76.36%
5-state HMM 79.31% 40.00%

Nearest Neighbor -400% -485.18%

The simplest method for determining the current
room is to determine the smallest Euclidean distance
between a test feature vector with the means of the fea-
ture vectors comprising the di�erent room examples in
the training set. Given this nearest neighbor method
as a comparison, it is easy to see how the time dura-
tion and contextual properties of the HMM's improve
recognition. Testing on the independent test set shows
that the best model is a 3-state HMM, which achieves
82% accuracy. In some cases accuracy on the test data
is better than the training data, probably due to chang-
ing video quality from falling battery voltage.
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Figure 2. Typical detection of Patrol area tran-
sitions.

Another important attribute is how well the sys-
tem determines when the player has entered a new
area. Figure 2 compares the 3-state HMM and nearest
neighbor methods to the hand-labeled video. Di�erent
rooms are designated by two letter identi�ers. As can
be seen, the 3-state HMM system tends to be within a
few seconds of the correct transition boundaries while
the nearest neighbor system oscillates between many
hypotheses.

As mentioned earlier, one of the strengths of the
HMM system is that it can collect evidence over time
to hypothesize the player's path through several ar-
eas. How much di�erence does this incorporation of
context make on recognition? To determine this, the
test set was segmented by hand, and each area was pre-
sented in isolation to the 3-state HMM system. At face
value this should be a much easier task since the system
does not have to segment the areas as well as recognize
them. However, the system only achieved 49% accu-
racy on the test data and 78% accuracy on the training
data. This result provides striking evidence of the im-
portance of using context in this task and hints at the
importance of context in other user activities.

3.2. User Tasks

By identifying the user's current task, the computer
can assist actively in that task by displaying timely
information or automatically reserving resources that
may be needed [1, 11]. However, a wearable computer
might also take a more passive role, simply determining
the importance of potential interruptions (phone, e-
mail, paging, etc.) and presenting the interruption in
the most socially graceful manner possible.

Here we describe an experiment to recognize the user
tasks aiming, reloading and \other" tasks. In order to
recognize such user tasks we use a generic object recog-
nition system recently proposed by Schiele and Crow-
ley (see [7] for details). In the context of the Patrol
data this system can be used for recognition of im-
age patches that correspond to particular motions of
a hand, the gun, a portion of an arm, or any part of
the background. By feeding the calculated probabili-
ties as feature vectors to a set of hidden Markov models
(HMM's), it is possible to recognize di�erent user tasks
such as aiming and reloading.

In order to use the recognition system we de�ne a
library of images grouped into images corresponding
to the same action. Each image is split into 4x4 sub-
images used as image patch database. In the exper-
iment below we de�ne three di�erent image groups,
one of each action so that the system calculates 3
groups�16 = 48 probabilities at 10Hz. These prob-
abilities are then used as feature vector for a set of
HMM's trained to recognize di�erent tasks of the user.

For two actions (aiming and reloading) we train a
separate HMM containing 5 states on an annotated 2
minutes video segment containing 13 aiming actions
and 6 reloading actions. Everything which is neither
aiming nor reloading is modeled by a third class, the
\other" class (10 sequences in total). The actions have
been separated into a training set of 7 aiming actions,
4 reloading actions and 3 other sequences for training
of the HMM's. Interestingly, the actions are of very
di�erent length (between 2.25sec and 0.3sec). The re-
maining actions have been used as test set. Table 2
shows the confusion matrix of the three action classes.

Aiming is relatively distinctive with respect to
reloading and \other", since the arm is stretched out
during aiming, which is probably the reason for the
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Table 2. Confusion matrix between aiming,
reloading, and other tasks.

aiming reloading \other"

aiming 6 0 0
reloading 0 1 1
\other" 0 1 6

perfect recognition of the aiming sequences. However,
reloading and \other" are di�cult to distinguish, since
the reloading action happens only in a very small re-
gion of the image (close to the body) and is sometimes
barely visible.

These preliminary results are certainly encouraging,
but have been obtained for perfectly segmented data
and a very small set of actions. However, an intrinsic
property of HMM's is that they generalize to unseg-
mented data well. Furthermore the increase of the task
vocabulary will enable the use of language and context
models which will help the recognition of single tasks.

3.3. Use of Patrol Context

While preliminary, the systems described above sug-
gest interesting interfaces. By using head-up displays,
the players could keep track of each other's locations.
A strategist can deploy the team as appropriate for
maintaining territory. If aim and reload gestures are
recognized for a particular player, the computer can
automatically alert nearby team members for aid.

Contextual information can be used more subtly as
well. For example, if the computer recognizes that its
wearer is in the middle of a skirmish, it should inhibit
all interruptions and information. Similarly, a simple
optical 
ow algorithm may be used to determine when
the player is scouting a new area. Again, any interrup-
tion should be inhibited. On the other hand, when the
user is \resurrecting" or waiting, the computer should
provide as much information as possible to prepare the
user for rejoining the game.

The model created by the HMM location system
above can also be used for prediction. For example,
the computer can weight the importance of incoming
information depending on where it believes the player
will move next. An encounter among other players sev-
eral rooms away may be relevant if the player is moving
rapidly in that direction. In addition, if the player is
shot, the computer may predict the most likely next
area for the enemy to visit and alert the player's team
as appropriate. Such just-in-time information can be
invaluable in such hectic situations.

4. Conclusion and Future Work

Through body centered cameras and machine vision
techniques, several examples of contextually aware in-
terfaces are presented. By observing context, the com-
puter can aid in task and interruption management,
provide just-in-time information, and make helpful pre-
dictions of future behavior. While larger annotated

data sets are necessary to test the techniques used for
the Patrol task, the preliminary results are promis-
ing. Additional methods such as optical 
ow or mo-
tion di�erencing will be added to determine if the user
is standing, walking, running, visually scanning the
scene, or using the stairs. By using the new apparatus
to analyze video and audio from two simultaneous par-
ticipants, player interaction might be modeled. Hope-
fully, with development, such a system will be used to
observe and model everyday user tasks and human to
human interactions as well.
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